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GENERATIVE PROGRAMMING SYSTEM 
AND METHOD EMPLOYING FOCUSED 

GRAMMARS 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

The present application claims the bene?t of US. provi 
sional application Ser. No. 60/544,953, ?led Feb. 14, 2004, 
entitled “GENERATIVE PROGRAMMING THROUGH 
FOCUSED GRAMMARS: A NEW METHOD OF AUTO 
MATED PROGRAMMING.” 

BACKGROUND 

1. Field of the Invention 
Aspects of the present invention relate generally to 

advanced symbolic regression programming techniques, and 
more particularly to a system and method of generative pro 
gramming Which employ focused grammars to facilitate 
automated generation of computer programs or computerized 
or electronic solutions. 

2. Description of Related Art 
Conventional recursive analysis technologies and sym 

bolic regression techniques suffer from various shortcom 
ings. Brie?y, traditional strategies invoke repetitive compu 
tational processes to generate great numbers of candidate 
programs and to evaluate those candidate programs as a 
means of identifying a single program or a set of programs 
exhibiting acceptable performance levels With respect to a 
given evaluation scheme. 

Conventional methods employing random searches to 
identify good candidate solutions are de?cient to the extent 
that they tend not address local search areas, i.e., areas Within 
the search space in the vicinity of, or proximate to, other good 
candidate solutions. Conversely, genetic programming tech 
niques, While potentially adept at localiZed searches, are de? 
cient to the extent that the algorithms employed may get 
caught in local minima to the exclusion of broader, more 
promising search directions. 

SUMMARY 

Embodiments of the present invention overcome the 
above-mentioned and various other shortcomings of conven 
tional technology, providing a system and method of genera 
tive programming Which employ focused grammars to facili 
tate automated generation of computer programs or 
computerized or electronic solutions. 

In one exemplary embodiment, a method of generative 
programming may generally comprise: receiving a grammar 
de?ning variable parameters; generating a candidate program 
using the grammar; evaluating the candidate program in 
accordance With predetermined criteria; and selectively 
repeating the generating and the evaluating. Some such meth 
ods may further comprise continuing the selectively repeating 
until an optimal candidate program is identi?ed in accordance 
With the evaluating. 

In accordance With some embodiments, the evaluating 
comprises executing the candidate program and assigning a 
score; the executing may comprise employing an interpreter. 
As set forth in detail beloW, a method of generative program 
ming may further comprise designating a selected candidate 
program as a modulating program. The designating may be 
executed in accordance With the assigning. An exemplary 
method further comprises selectively modifying the grammar 
using the modulating program. 
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2 
In accordance With another embodiment, a method of gen 

erative programming utiliZing focused grammars may com 
prise: receiving a grammar de?ning variable parameters; gen 
erating a candidate program using the grammar; evaluating 
the candidate program in accordance With predetermined cri 
teria; modifying the grammar; and selectively repeating the 
generating, the evaluating, and the modifying. The modifying 
may be responsive to the evaluating or to some other criteria. 
Some such methods may further comprise continuing the 

selectively repeating until an optimal candidate program is 
identi?ed in accordance With the evaluating. In accordance 
With one exemplary method, the evaluating comprises 
executing the candidate program and assigning a score; as 
noted above, the executing may comprise employing an inter 
preter. 

In accordance With another embodiment, a computer-read 
able medium encoded With data and instructions for enabling 
generative programming utiliZing focused grammars may 
cause an apparatus executing the instructions to: receive a 
grammar de?ning variable parameters; generate a candidate 
program using the grammar; evaluate the candidate program 
in accordance With predetermined criteria; and create a 
focused grammar in accordance With results of the evaluation. 
The computer-readable medium may be further encoded With 
data and instructions and further cause an apparatus executing 
the instructions to implement the focused grammar to gener 
ate an additional candidate program. 
As set forth in more detail beloW, an exemplary generative 

programming system may generally comprise: a grammar 
module operative to establish a grammar; a program genera 
tor operative to generate a candidate program in accordance 
With the grammar; and an evaluator operative to evaluate the 
candidate program in accordance With predetermined crite 
ria. 

In some systems, the evaluator is further operative to 
execute the candidate program in a simulated environment 
and to assign a score to the candidate program. The evaluator 
may comprise an interpreter operative in accordance With an 
interpreted programming language. 

Exemplary systems are disclosed Wherein the evaluator is 
further operative to provide data associated With an evalua 
tion to the program generator; in one such embodiment, the 
program generator is further operative to provide the data to 
the grammar module. The grammar module may be further 
operative to modify the grammar responsive to the data. 
The foregoing and other aspects of various embodiments of 

the present invention Will be apparent through examination of 
the folloWing detailed description thereof in conjunction With 
the accompanying draWing ?gures. 

BRIEF DESCRIPTION OF THE DRAWING 
FIGURES 

FIG. 1 is a simpli?ed high level block diagram illustrating 
components of one embodiment of a generative programming 
system. 

FIG. 2 is a simpli?ed ?oW diagram illustrating the general 
operational How of exemplary embodiments of a generative 
programming method. 

FIG. 3 is a simpli?ed functional block diagram illustrating 
an exemplary environment in Which elements of a generative 
programming system may be employed. 

FIG. 4 is a simpli?ed diagram illustrating one embodiment 
of a descriptive grammar. 

FIG. 5 is a simpli?ed diagram illustrating the general 
operation of one embodiment of a method Which employs a 
grammar in generating a candidate program. 
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FIG. 6 is a simpli?ed diagram illustrating one embodiment 
of an equiprobable focused grammar. 

FIG. 7 is a simpli?ed diagram illustrating one embodiment 
of a focused grammar shaped for reuse. 

FIG. 8 is a simpli?ed diagram illustrating one embodiment 
of a focused grammar shaped for similar termination. 

FIG. 9 is a simpli?ed ?oW diagram illustrating the general 
operational How of one embodiment of a generative program 
ming method. 

DETAILED DESCRIPTION 

In the context of the present application, the terms “auto 
mated programming” and “generative programming” gener 
ally refer to any of several embodiments of a process of 
generating candidate “programs” or candidate “solutions” 
and of scoring, ranking, classifying, or otherWise evaluating 
those candidate solutions, such as relative to other candidate 
solutions, for instance, or objectively in accordance With pre 
determined criteria. Speci?cally, the generative program 
ming techniques set forth herein represent a highly evolved 
form of symbolic regression analysis, in accordance With 
Which great numbers of candidate solutions may be “ran 
domly” generated in focused directions in accordance With 
rules and variable parameters speci?ed in one or more gram 
mars. Each respective candidate solution or candidate pro 
gram may be measured or otherWise evaluated, for example, 
to determine performance characteristics With respect to a 
desired, required, or otherWise speci?ed objective function. 
As set forth in more detail beloW, the term “solution” as 
employed herein may be analogous to the term “program;” it 
Will be appreciated that the scope of the present disclosure is 
not limited to, and neither the term “program” nor the term 
“solution” is intended to imply, computer executable pro 
gramming code to the exclusion of other possibilities. 

Candidate programs that perform Well may be, for 
example, saved for future use or processing, modi?ed in an 
attempt to improve performance, employed to create one or 
more focused grammars as set forth beloW, or some combi 
nation thereof. Conversely, candidate programs that perform 
poorly may be discarded or ignored; in some embodiments, 
even poorly performing candidate programs may be used to 
create one or more focused grammars Which may in?uence 
subsequent searches. Accordingly, a system and method of 
generative programming con?gured and operative in accor 
dance With the present disclosure may search through a large 
universe (or “space”) of possible solutions. Given su?icient 
computational time, good candidate programs (i.e., those that 
perform Well as measured by predetermined criteria) may be 
generated and identi?ed. As set forth in more detail beloW, 
feedback from performance evaluations of previously gener 
ated candidate programs may facilitate construction of neW 
focused grammars operative to guide the search for additional 
or improved candidate programs in promising directions. 

It Will be appreciated by those of skill in the art that gen 
erative programming approaches are viable (and particularly 
e?icient in some instances), at least in part, due to the ever 
increasing speed of the modern computer. Today’ s computers 
are capable of executing billions of calculations per second, 
and every neW generation of computers can process more 
data, and at a faster rate, than the previous generationia 
trend that promises to enable generative programming strat 
egies to become increasingly more capable over time. In that 
regard, the exemplary generative programming methodolo 
gies described herein may be maximiZed or facilitated by 
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4 
substantial data processing capacity or bandWidth, i.e., a 
capability to evaluate great numbers of candidate programs 
quickly and automatically. 

Turning noW to the draWing ?gures, FIG. 1 is a simpli?ed 
high level block diagram illustrating components of one 
embodiment of a generative programming system. As illus 
trated in FIG. 1, an exemplary generative programming sys 
tem 100 may generally comprise a grammar module 110, a 
program generator 120, and an evaluator 130. 
Grammar module 110 may generally de?ne a search space, 

i.e., the universe of possible candidate programs that may be 
generated. In that regard, grammar module 110 may be char 
acteriZed as receiving, establishing, or modifying a grammar 
comprising a set of rules de?ning variable parameters as 
described in more detail beloW. These variable parameters 
may be associated With the problem a generated candidate 
program is intended to solve, for instance, or may otherWise 
affect candidate program structure and functionality. In some 
embodiments, grammar module 110 may initially employ a 
“base grammar” that is user-de?ned or otherWise speci?ed in 
accordance With user input. Additionally, grammar module 
110 may dynamically modify or otherWise recon?gure (i.e., 
focus) grammars as the search for improved candidate pro 
grams progresses; such modi?cation may be responsive to 
feedback from program generator 120 (indicated by the 
dashed arroW in FIG. 1). In that regard, an exemplary gram 
mar received, established, modi?ed, or otherWise generated 
by grammar module 110, either independently or in coopera 
tion With program generator 120, may be stochastic, i.e., 
characterized by some degree of randomness Which may be 
affected or in?uenced by some prede?ned or dynamically 
adjusted statistical probability as set forth in more detail 
beloW. 

Program generator 120 may generally be con?gured and 
operative to construct valid candidate programs using rules 
and variable parameters prescribed by a grammar supplied by 
grammar module 110; program generator 120 may execute 
this functionality independently, for example, or in combina 
tion With one or more processing systems as described beloW 
With reference to FIG. 3. In the FIG. 1 arrangement, program 
generator 120 may transmit generated candidate programs to 
evaluator 130, for example, for execution and evaluation. 
Speci?cally, evaluator 130 (either independently or in com 
bination With one or more processing systems) may generally 
be con?gured and operative to execute candidate programs 
and to assign a score or Weight to each candidate program; 
such a score or Weight may represent a respective ?tness or 
suitability of each respective candidate program. A candidate 
program’s suitability in this context may be measured in 
accordance With user-de?ned or other predetermined criteria 
including, but not limited to: accuracy With respect to mod 
eling (i.e., estimating) or solving the problem at hand; com 
putational overhead or load management considerations; 
speed of execution or expected cycles to solution; or some 
combination of these and other factors. 
As indicated by the dashed arroW in FIG. 1, program gen 

erator 120 may employ feedback from evaluator 130 (e.g., 
regarding the suitability or operational run-time characteris 
tics of respective candidate programs) in generating subse 
quent or additional candidate programs, in providing infor 
mation to grammar module 110 for dynamic modi?cation of 
subsequent focused grammars, or both. Speci?cally, evalua 
tor 130 may be con?gured and operative to provide data 
associated With an evaluation of a candidate program to pro 
gram generator 120. Provision of such data may be responsive 
to a request transmitted from program generator 120, for 
example; additionally or alternatively, data associated With an 
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evaluation may be provided to program generator 120 unbid 
den or automatically in accordance With predetermined 
occurrences or satisfaction of other speci?ed criteria. 

In the foregoing manner, and as generally depicted in FIG. 
2, candidate programs may be generated and scored or evalu 
ated repeatedly, such as for a predetermined number of itera 
tions, for instance, or until a candidate program has been 
generated that achieves satisfactory performance or satis?es 
some objective performance characteristic threshold. In that 
regard, FIG. 2 is a simpli?ed ?oW diagram illustrating the 
general operational How of exemplary embodiments of a 
generative programming method. 
A grammar of rules, Which de?nes variable parameters 

governing generation of a candidate program, may be 
received or established as indicated at block 211. As noted 
brie?y above and discussed in more detail beloW, the gram 
mar, at least initially, may be user-speci?ed; in some embodi 
ments, the grammar may be dynamically adjusted or other 
Wise modi?ed responsive to feedback regarding operational 
characteristics and performance measures associated With 
each respective candidate program. A candidate program may 
be generated (block 212) using the current grammar of rules 
and evaluated in accordance With predetermined criteria 
(block 213). Details of the operations depicted at blocks 212 
and 213 are set forth beloW. 
As indicated at decision block 290, a determination may be 

made regarding Whether the generated candidate program is 
satisfactory or optimal. This determination may be relative 
(e. g., comparing a candidate program directly to another can 
didate program) or purely objective (e. g., measuring a candi 
date program in accordance With any of several predeter 
mined criteria). The determination at decision block 290 may 
occur concomitantly or substantially simultaneously With the 
evaluation operation at block 213, and may be effectuated or 
facilitated by evaluator 130, either independently or in coop 
eration With one or more data processing systems or appara 
tus. In some embodiments, for example, a score or Weight 
may be assigned to a candidate program during the evaluation 
operation; the determination at block 290 may include com 
paring such a score or Weight against a predetermined thresh 
old or some other objective measure. 

In accordance With the FIG. 2 illustration, if a candidate 
program is deemed unsatisfactory or less than optimal based 
upon the determination at decision block 290, one embodi 
ment of a generative programming method may selectively 
repeat the generating (block 212) and the evaluating (block 
213) as indicated by the solid arroW looping back to block 
212. Additionally or alternatively, a generative programming 
method may selectively repeat modifying the grammar (block 
211), generating a candidate program using the current gram 
mar (block 212), and evaluating the generated candidate pro 
gram (block 213) as indicated by the dashed arroW looping 
back to block 211. In this exemplary embodiment, the current 
grammar may be selectively modi?ed, for example, in accor 
dance With feedback provided during, or subsequent to, the 
evaluation operation at block 213. 

If the candidate program is deemed acceptable based upon 
the determination at decision block 290, it may be saved or 
otherWise recorded for future processing or use, transmitted 
or otherWise communicated to a suitable device, system, or 
other apparatus for further processing or use, or some com 
bination of both (block 299). It Will be appreciated that alter 
natives to the approach illustrated in FIG. 2 may have utility 
in numerous applications. For example, candidate programs 
found to be acceptable or superior in some respect, for 
instance, based upon the evaluation at block 213 or the deter 
mination at decision block 290, may speci?cally be selected 
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6 
to facilitate generation of focused grammars at block 211. In 
such an alternative implementation (not shoWn in FIG. 2 for 
clarity), the process illustrated in FIG. 2 may loop from block 
299 back to block 211 for a predetermined number of itera 
tions, or until a stopping criterion has been satis?ed. Such 
selection of good or superior candidate programs for use in 
modi?cation of grammars may occur in addition to, or in lieu 
of, the strategy of selecting candidate programs for that pur 
pose depicted in FIG. 2. 

FIG. 3 is a simpli?ed functional block diagram illustrating 
an exemplary environment in Which elements of a generative 
programming system may be employed. Speci?cally, the 
components and operations set forth above With reference to 
FIGS. 1 and 2 may be employed or otherWise operative in 
conjunction With a computer environment 300 generally 
embodied in or comprising a digital computer or other suit 
able electronic data processing system (reference numeral 
310 in FIG. 3). It Will be appreciated that the FIG. 3 arrange 
ment is presented for illustrative purposes only, and that pro 
cessing system 310 may be implemented With any number of 
additional components, modules, or functional blocks such as 
are generally knoWn in the electronic and data processing 
arts; the number and variety of components incorporated into 
or utiliZed in conjunction With processing system 310 may 
vary in accordance With, inter alia, overall system require 
ments, hardWare capabilities or interoperability consider 
ations, desired performance characteristics, or application 
speci?c factors. 

In the exemplary FIG. 3 arrangement, processing system 
310 may be embodied in a general purpose computing device 
or system (i.e., a personal computer (PC), such as a Worksta 
tion, toWer, desktop, laptop, or hand-held portable computer 
system). Computer servers, such as blade servers, rack 
mounted servers, multi-processor servers, and the like, may 
provide superior data processing capabilities relative to per 
sonal computers, particularly With respect to computationally 
intensive operations or applications; accordingly, processing 
system 310 may be embodied in or comprise such a server. It 
Will be appreciated that generative programming techniques 
as set forth herein may be considered entirely hardWare and 
softWare “agnostic,” i.e., generative programming systems 
and methods as illustrated and described may be compatible 
With any hardWare con?guration, and may be operating sys 
tem and softWare platform independent. 

Processing system 310 generally comprises a processor 
390, a data storage medium (memory 380), an input/output 
interface 340, a communications interface or port 320, and a 
poWer supply 330. As indicated in FIG. 3, processing system 
310 may additionally comprise components of a generative 
programming system 100 (i.e., incorporating grammar mod 
ule 110, program generator 120, and evaluator 130) such as 
described above With reference to FIG. 1, and may accord 
ingly enable or facilitate the functionality thereof such as 
described above With reference to FIG. 2. 

It Will be appreciated that the various components, in vari 
ous combinations, illustrated in FIG. 3 may be operably 
coupled, directly or indirectly, to one or all of the other com 
ponents, for example, via a data bus or other data transmission 
pathWay or combination of pathWays (not shoWn). Similarly, 
poWer lines or other energy transmission conduits providing 
operative poWer from poWer supply 330 to the various system 
components are not illustrated in FIG. 3 for simplicity; these 
poWer lines may be incorporated into or otherWise associated 
With the data bus, as is generally knoWn in the art. 

In operation, processor 390 may execute softWare or other 
programming instructions encoded on a computer-readable 
storage medium such as memory 380, and additionally may 
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communicate With program generator 120 to facilitate gen 
eration of candidate programs as set forth herein. In that 
regard, processor 390 may comprise or incorporate one or 
more microprocessors or microcomputers, and may include 
integrated data storage media (e.g., cache memory) operative 
to store data and instruction sets Which in?uence con?gura 
tion, initialization, memory arbitration, and other operational 
characteristics of processor 390. 

It is generally Well understood that any number or variety 
of peripheral equipment, such as a video display and a key 
board, for example, may be coupled to processing system 310 
via interface 340 Without inventive faculty. Examples of such 
peripheral devices include, but are not limited to: input 
devices; output devices; external memory or data storage 
media; printers; plotters; routers; bridges; cameras or video 
monitors; sensors; actuators; and so forth. User input, for 
example, affecting or in?uencing operation of the other com 
ponents of processing system 310 may be received at inter 
face 340 and selectively distributed to processor 390, pro 
gram generator 120, evaluator 130, grammar module 110, 
memory 380, or some combination thereof. 

Processing system 310 may be capable of bidirectional 
data communication via communications port 320. Accord 
ingly, processing system 310 may have access to data resident 
on, or transmitted by, any number or variety of servers, com 
puters, Workstations, terminals, telecommunications devices, 
and other equipment coupled to, or accessible via, a netWork 
such as a local area netWork (LAN), a Wide area netWork 

(WAN), a virtual private netWork (VPN), the intemet, and so 
forth (i.e., any system or infrastructure enabling or accom 
modating bi-directional data communication betWeen net 
work-enabled devices). 
From the foregoing, it Will be appreciated that an initial, 

user-de?ned base grammar such as described above With 
reference to FIG. 2 may be received via communications port 
320, for example, or accepted via interface 340. 

Operation of program generator 120, grammar module 
110, and evaluator 130 may be executed under control of, or 
in conjunction With, processor 390, data or instruction sets 
resident in memory 380, or some combination thereof. Spe 
ci?cally, processing system 310 may be con?gured and 
operative to enable the functionality set forth above With 
reference to FIGS. 1 and 2. It Will be appreciated that While 
program generator 120, grammar module 110, and evaluator 
130 are depicted as discrete elements in FIG. 3 for simplicity 
of description, some or all of their respective functionalities 
may be selectively combined or integrated, either With each 
other or With various other components of processing system 
310. 

For example, program generator 120, grammar module 
110, and evaluator 130 (or some combination thereof) may be 
integrated into a single element or functional module, and 
may be embodied in a softWare application resident in 
memory 380, for instance, or in a hardWare component such 
as an application speci?c integrated circuit (ASIC). With 
respect to hardWare solutions, those of skill in the art Will 
appreciate that ?eld programmable gate arrays (FPGAs), pro 
grammable logic controllers (PLCs), programmable single 
electron transistor (SET) logic components, or combinations 
of other electronic devices or components may be imple 
mented and suitably con?gured to provide some or all of the 
functionality of program generator 120, grammar module 
110, and evaluator 130, either individually or in combination. 
Any selectively con?gurable or suitably programmable hard 
Ware element or combination of elements generally knoWn in 
the art or developed and operative in accordance With knoWn 
principles may be employed. 
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8 
In one exemplary embodiment, evaluator 130 or its func 

tionality may reside or otherWise be located external to pro 
cessing system 310; in such an arrangement, the foregoing 
feedback communication and interoperability of program 
generator 120 and evaluator 130 may be enabled by, or facili 
tated With assistance from, processor 390 and communica 
tions port 320. This arrangement may have particular utility in 
instances Where the capabilities (e.g., computational band 
Width, operating frequency, etc.) of processor 390 are limited 
relative to an external or otherWise dedicated data processing 
system (not shoWn in FIG. 3). Alternatively, the respective 
functionalities of evaluator 130 and program generator 120 
may be incorporated into a single functional block or may 
otherWise be implemented in a coordinated manner as noted 
above With reference to FIG. 2; this arrangement may have 
particular utility, for instance, in situations Where processing 
system 310, in general, and processor 390, in particular, are 
capable of handling heavy data processing loads and execut 
ing many ?oating point operations per second. In another 
alternative arrangement, the respective functionalities of 
grammar module 110 and program generator 120 may be 
incorporated into a single functional block, either embodied 
in a softWare or instruction set construct or in a hardWare or 

?rmware component. 
The speci?c arrangement and particular implementation of 

a generative programming system 100 (such as exempli?ed 
by program generator 120, evaluator 130, and grammar mod 
ule 110) Within the environment of processing system 310 are 
susceptible of myriad variations. The present disclosure is not 
intended to be limited to any particular con?guration or 
implementation (hardWare versus softWare, for example) of 
generative programming system 100, or by the operational 
capabilities, structural arrangement, or functional character 
istics of processing system 310. 

It Will be appreciated that the manner in Which candidate 
programs are generated may differentiate various alternative 
generative programming methodologies. For example, in one 
embodiment, a method of randomly generating candidate 
programs from scratch may be used. From the starting rule 
node of a grammar, a production may be selected at random 
traversing non-terminal rule references, and terminals may be 
added until a valid parse tree has been formed. At this stage, 
performing a depth-?rst traversal of the parse tree may result 
in a program string. The foregoing approach is simple, clean, 
and fast; it also has shortcomings, hoWever. 

Speci?cally, in a purely random search strategy, an identi 
?ed candidate program that is evaluated as performing Well 
may not be utiliZed in further searches due to the random 
nature of the approach. Accordingly, a similar candidate pro 
gram that may have exhibited superior performance charac 
teristics may never have been considered, and consequently 
never identi?ed, because a local search attempt (i.e., one in 
the neighborhood of the identi?ed candidate program) Was 
neither contemplated nor executed by the random search 
strategy. Random search methods generally do not explore 
the possibility that an identi?ed candidate program may ben 
e?t from minor modi?cations. Consequently, a potentially 
superior candidate program may be overlooked, i.e., the pos 
sibility that such a superior candidate program even exists 
may be ignored. One hypothesis generally accepted by those 
of skill in the art attempts to improve upon the random 
method by adhering to the folloWing tenet: good performing 
candidate programs tend to exist around or proximate to (i.e., 
in the general vicinity Within the search space) other good 
performing candidate programs. 
The foregoing hypothesis motivated modest advances in 

What have become knoWn as genetic programming (GP) tech 
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niques. Brie?y, GP methodologies search the program space 
by mimicking the processes of biological evolution. In that 
regard, an evolving set of candidate programs is treated like 
genetic material; promising programs are selected out of a 
program pool, subjected to cross-breeding through sWapping 
of sub-trees, and experience random mutations through 
replacement of nodes. Candidate programs generated in the 
foregoing manner are reinserted into the pool of candidate 
programs With a probability of further selection assigned as a 
function of their ?tness (as measured by one or more prede 
termined criteria). In direct contrast to the random approach 
set forth above, GP technology incorporates a localized 
search strategy, searching the area immediately proximate to 
good candidate programs by applying small changes to a 
collection of the best candidate programs previously identi 
?ed. This strategy has utility to the extent that it thoroughly 
searches the local area around candidate programs previously 
identi?ed as superior in some respect; the strategy is also 
de?cient to the extent that the heuristic approach can get stuck 
in local minima for large numbers of “generations” of evolv 
ing candidate programs. 

Given a particular problem to solve, a speci?c system or 
operating environment to control, or any other programming 
parameters (i.e., for any environment, system, or entity, the 
functional characteristics or operational behavior of Which 
may be suitably de?ned or otherWise described by a gram 
mar), generative programming techniques as illustrated and 
described herein may be employed, for instance, to determine 
speci?c function calls to make and to dictate a particular order 
in Which to call the functions, to adapt free-parameters, to 
build custom algorithms, to curve-?t formulae, or to employ 
some appropriate combination thereof. Given suf?cient com 
putational bandWidth, one or more computer programs or 
other machine executable instruction sets may be reWritten, in 
real time, automatically to adapt to changes in operating 
conditions. By Way of example and not by Way of limitation, 
several applications Which may bene?t from generative pro 
gramming methodologies are summarized beloW. 

Designingigenerative programming may be used to auto 
mate, partially or completely, design Work involving struc 
tural, industrial, electrical, or other design optimization prob 
lems. In such applications, the goal is generally to ?nd a 
design (Whether structural, functional, or both) that performs 
best according to some objective engineering measurement 
including, but not limited to: loWest material cost; highest 
tensile or compressive strength; rigidity considerations; 
static, dynamic, or seismic load tolerances; ease of assembly 
or con?guration; or some combination of the foregoing or 
other factors. Candidate design solutions may be generated 
from a grammar de?ning and interrelating, for example: 
material type, strength, and hardness; component or struc 
tural element shapes, sizes, masses, relative locations, and 
interconnections; electrical or electromagnetic properties of 
materials or components; functional characteristics of indi 
vidual or interconnected elements, Whether considered indi 
vidually or in combination; expected operational envelopes 
and anticipated stresses on the system; or some combination 
of these or other factors. Some examples of designing appli 
cations may include, inter alia, engineering parts or system 
components, buildings or other structural designs, semicon 
ductor layout, design, or manufacturing strategies, control 
system implementations, and property layouts. 

Forecastingitime series forecasting applications gener 
ally seek to predict future values of a series With the loWest 
error rate possible. In accordance With the generative pro 
gramming techniques set forth herein, candidate formulae 
may be generated from a grammar de?ning or otherWise 
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10 
describing characteristics of time series functions, for 
example, such as moving averages. Each candidate formula 
generated in accordance With the present system and method 
may be tested against hoW Well it Would have predicted values 
of the targeted series given a past or historical dataset. Some 
examples of such forecasting may include, among other 
things, sales forecasting, interest rate projections, market 
forecasting, economic outlooks, and real estate valuation 
forecasting. 

Modeling4often, the mathematical expressions govem 
ing the behavior of physical systems are too computationally 
expensive to calculate or otherWise to solve directly. Instead, 
approximate models are sought to perform simulations in 
reasonable amounts of time. Generative programming may 
be employed to build approximate models of targeted envi 
ronments. In such applications, candidate models may be 
generated from a grammar of rules describing or regulating 
motion or other dynamic aspects of the system. A candidate 
model may be scored against hoW accurately it models or 
approximates the underlying system in accordance With a set 
of knoWn examples. Some modeling examples include, but 
are not limited to: protein folding dynamics; amino acid inter 
actions; chemical reactions; Wave propagation and other of 
tWo- or three-dimensional dynamic ?uid ?oWs; heat transfer 
problems; and nano-scale mechanics. 

Optimizingiresource allocation dilemma generally seek 
solutions With the best, or optimal, trade-offs betWeen pos 
sible resource outlays according to an objective function. In 
this context, generative programming methodologies may be 
employed to solve individual, ill-de?ned optimization prob 
lems With arbitrary objectives or to construct algorithms for 
solving many instances of optimization problems. In that 
regard, candidate solutions may be generated from a grammar 
de?ning or specifying repercussions of myriad resource 
usages. A candidate solution With the highest or loWest score 
(depending upon the directionality of the objective function) 
may be retained for further processing, later use, or to gener 
ate one or more focused grammars Which may in?uence 
subsequent searches. Exemplary optimization applications 
include asset allocation and industrial or other automated 
control system problems. 

Testingitesting is generally characterized by an attempt 
to validate (or to invalidate) assertions. Whether the asser 
tions are that a product performs as claimed by the manufac 
turer or that it cannot be broken, a generative programming 
system and method may facilitate testing such assertions. In 
that regard, candidate tests may be generated from a grammar 
of rules de?ning the test environment and various selected 
parameters characterizing the expected or claimed behavior 
of the item or system under test. Some testing examples for 
Which generative programming techniques may have utility 
include: softWare testing; hardWare testing; design bashing or 
“myth busting;” and model testing. 
From the foregoing, it Will be appreciated that a neW sys 

tem and method of generative programming Which employ 
focused grammars as described herein may have utility in 
myriad applications and may be susceptible of various appli 
cation speci?c modi?cations. In accordance With an exem 
plary embodiment, candidate programs may be randomly 
generated by traversing a stochastic grammar. As described 
above With speci?c reference to FIG. 2, the grammar may not 
be static, i.e., throughout the process of identifying a suitable 
or optimal solution, the grammar may be modulated by feed 
back provided in accordance With performance of “improve 
ment” or “modulating” programs. This alteration or modula 
tion may refocus a current grammar or combination of 
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grammars to steer subsequent candidate programs in the 
direction of promising areas of the search space. 

Accordingly, utilization of focused grammars may enable 
generation of candidate programs similar to modulating pro 
grams, incorporating or facilitating a localized search strat 
egy Within the search space. During the search, a candidate 
program may be generated and evaluated, and grammars may 
be subsequently refocused, recursively, upon identi?cation of 
better or more suitable candidate programs. Many such 
searches may be performed until some user-de?ned stopping 
criterion (such as a maximum number of iterations) is satis 
?ed, for example, or until a satisfactory or optimal candidate 
program is otherWise identi?ed in accordance With some 
predetermined objective goal. 

Turning noW speci?cally to grammars, it is noted that 
FIGS. 4 and 5 are simpli?ed diagrams respectively illustrat 
ing one embodiment of a descriptive grammar and the general 
operation of one embodiment of a method Which employs a 
grammar in generating a candidate program. It Will be appre 
ciated that the grammar of FIG. 4 (as Well as those illustrated 
in subsequent draWing ?gures) is presented in Backus-Naur 
form (BNF). By Way of background, BNF is a metasyntax 
commonly employed to notate grammars of computer pro 
gramming languages, command or instruction sets, and com 
munication protocols, as is generally knoWn in the art. The 
BNP convention is employed herein, by Way of example only, 
for the sake of clarity and to convey aspects of the inventive 
system and method in a readily understandable manner. Vari 
ous other formats, structures, syntaxes, and representation 
styles for grammars may currently be employed or may be 
developed in the future; the present disclosure is not intended 
to be limited by any speci?c grammar syntax or by the par 
ticular format in Which the grammars may be expressed. 
As employed herein, the term “grammar” generally refers 

to a set of rules and associated productions provided or speci 
?ed either in BNF or in some other suitable metasyntax or 
formatted representation. In that regard, a grammar, Which 
speci?es the generation or recognition of “sentences” for a 
given language, may de?ne numerous variable parameters 
governing generation of a candidate program. The term “base 
grammar” generally refers to a user-de?ned grammar or to 
some prede?ned, user-speci?ed, or initial grammar as 
described above With reference to FIGS. 2 and 3 . Additionally 
or alternatively, the term base grammar may refer to a 
“focused grammar” that is to be combined With a “modulat 
ing program” in the process of forming a subsequent or addi 
tional focused grammar or base grammar. 

The term “focused grammar” in this context generally 
refers to a grammar resulting from the combination of a base 
grammar and a modulating program; a focused grammar may 
be constructed and operative to generate candidate programs 
similar in some respect to the modulating program that Was 
used to construct the focused grammar. As set forth in more 
detail beloW, a focused grammar may be constructed to 
include one or more additional productions (as compared to 
the base grammar) such as may be identi?ed through decom 
position of the modulating program; additionally or alterna 
tively, a focused grammar may be generated simply by 
manipulating probabilities associated With the productions 
existing in the base grammar, i.e., Without adding additional 
productions to the focused grammar. A focused grammar may 
be employed as a base grammar as noted above. It Will be 
appreciated that the “similarity” betWeen a given candidate 
program and a given modulating program may be measured 
in accordance With various criteria as set forth beloW. 
As contemplated herein and as used to describe or to char 

acterize programs or solutions, the term “similar” generally 
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12 
refers to a state of closeness, relatedness, or resemblance in 
terms of nature or character; “similarity” in this context may 
be measured or quanti?ed in accordance With some readily 
ascertainable characteristic of each candidate program, 
modulating program, or solution. For example, string edit 
distance may be used to compare respective strings of respec 
tive candidate programs and to measure their similarity With 
respect to each other, for instance, or to compare their respec 
tive similarities to a modulating program. Programs or solu 
tions that are considered similar to each other may generally 
be characterized as statistically similar, for example, as quan 
ti?ed by a string edit distance evaluation. As noted above, 
other mechanisms for determining similarity are generally 
knoWn in the art, and may be application speci?c. 
As employed herein, the term “sentence” generally refers 

to a string literal instance generated in accordance With the 
rules and productions prescribed or speci?ed by a grammar; 
in the context of the present disclosure, a sentence is analo 
gous to a candidate program or candidate solution generated 
in accordance With the rules and productions speci?ed by a 
grammar. 

It Will be appreciated that the term “program” as employed 
herein is not intended to be interpreted in any limiting sense. 
Speci?cally, in the context of the present disclosure, a pro 
gram may generally be characterized by (or refer to) execut 
able programming code, for example, such as that typically 
embodying an application program, interface, applet, or other 
machine-executable instruction set. Additionally or altema 
tively, the term program also contemplates and encompasses 
other types of solutions such as may be articulated in or 
represented by a ?nite sequence of characters (e.g., a string 
literal instance generated in accordance With rules and pro 
ductions speci?ed by a grammar). Accordingly, a program 
may be embodied in, for example, and Without limitation: 
executable or other instructions sets; various mathematical 
expressions, formulae, functions, or systems of equations; 
chemical descriptions, formulae, or expressions of functional 
physical or organic chemical relationships; mathematical or 
structural model representations; physical layouts (such as 
may be expressed, for example, in Verilog or other hardWare 
description language (HDL) code describing semiconductor 
Wafer and other silicon or hardWare designs); or any other 
application speci?c solution that may be expressed as a ?nite 
string of characters generated by traversing a grammar as set 
forth herein. As noted generally above, in the context of the 
present disclosure, the term “solution” may be analogous to 
the term program; in that regard, this term generally shares the 
same scope as that set forth above With reference to the term 
program. 
The term “modulating program” generally refers to a can 

didate program or candidate solution used to reshape or to 
focus a base grammar’s probabilities, resulting in a focused 
grammar having probabilities focused toWard generating 
additional candidate programs more similar to the modulat 
ing program than Would be likely using the base grammar’s 
probabilities. Again, relative similarity of programs may be 
determined in accordance With string edit distance, for 
example, or otherWise characterized in accordance With some 
other suitable measure. 

Using an initial or base grammar (see, e.g., FIG. 4), a 
system and method of generative programming may generate 
a candidate program by randomly traversing the base gram 
mar; this process may result in a valid and complete sentence 
or candidate program (see, e.g., FIG. 5). In that regard, a 
random number (e.g., a real number betWeen 0.00 and l .00 as 
indicated at the third column from the left in FIG. 5) may be 
generated, affecting the production selected for a particular 
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rule in accordance With a respective probability for each 
permissible production. For example, at step 3 depicted in 
FIG. 5, a random number generation of 0.67 may result in 
selection of production 2 for the <assertion> rule (i.e., 
<assertion>:<description><conjunction> in FIG. 4) because 
the random number value, 0.67, is greater than 0.50. Simi 
larly, at step 6 depicted in FIG. 5, a random number genera 
tion of 0.71 may result in selection of production 3 for the 
<description> rule (i.e., <description>:“fun” in FIG. 4) 
because the random number value, 0.71, is betWeen 0.50 and 
0.75. 

Values in the “Distance” column of FIG. 5 may generally 
be associated With the production probability set forth for 
each respective production indicated in FIG. 4, Where dis 
tance:1/ (production probability in base grammar). With 
respect to the <city> rule referenced at step 2, for example, the 
production “San Diego” has a probability of 0.33 as indicated 
in FIG. 4; accordingly, the distance (as indicated at step 2 in 
FIG. 5) is 1/0.33:3. Distances may be employed to focus 
subsequent grammars generated in accordance With the struc 
ture and nature of a modulating program as set forth in more 
detail beloW. 

In the foregoing manner, a candidate program may be 
generated in accordance With a set of rules, productions, and 
associated probabilities such as set forth in FIG. 4 by travers 
ing the grammar in a stepWise fashion such as depicted in 
FIG. 5. It Will be appreciated that the rules and productions set 
forth in FIG. 4 are presented for illustrative purposes only and 
have been greatly simpli?ed for ease of description With 
reference to FIG. 5. In many applications, such rules and 
productions associated With a complex grammar may involve 
function calls, variable de?nitions or initialiZations, table 
lookups or updates, and the like. 
As noted above, a candidate program may be scored 

against user provided criteria or some other objective mea 
sure. In accordance With some embodiments of a system and 
method of generative programming, selected candidate pro 
grams (such as those scoring particularly Well or performing 
especially Well) may become modulating programs from 
Which focused grammars may be generated as set forth above 
With reference to FIGS. 1-3; additionally or alternatively, 
some candidate programs may be selected as modulating 
programs Without regard to performance evaluations. Speci? 
cally, a base grammar and a modulating program may be 
assembled, for example, by grammar module 110, program 
generator 120, or a combination of both; in combination, the 
base grammar and the modulating program may form a 
focused grammar facilitating generation of subsequent can 
didate programs in the neighborhood of the modulating pro 
gram, i.e., relatively close (such as may be determined by a 
string edit distance evaluation, for instance) or proximate to 
the modulating program Within the search space. 

In accordance With some embodiments, the search through 
the space of possible candidate programs or solutions may be 
guided or generally directed by a “streak search method” as 
set forth in more detail beloW. Brie?y, a streak search method 
may be employed to generate a number of candidate solutions 
from a base grammar (a base grammar may also be a focused 
grammar); candidate solutions or programs evaluated to have 
a score or other objective measure Which improves upon the 
score of a modulating program may subsequently be used as 
modulating programs for recursive searching. As noted 
above, the term program encompasses solutions other than 
executable programming code; a streak search method as set 
forth herein may be employed to identify various types of 
candidate solutions using recursive searching techniques. 

30 

35 

40 

45 

50 

55 

60 

65 

14 
It Will be appreciated that the foregoing process of employ 

ing a modulating program to refocus a base grammar is 
unique. In some applications, one objective may be to con 
struct a neW focused grammar that generates candidate pro 
grams that are similar to the modulating program. This meth 
odology provides a mechanism for conducting local searches 
in the space of possible candidate programs proximate to 
those generated by a base grammar knoWn to produce rela 
tively good results. 

In one exemplary embodiment, constructing a focused 
grammar may involve copying the base grammar into a neW 
focused grammar, adding Automatically De?ned Produc 
tions (ADPs) based upon a decomposition of the modulating 
program, and resealing affected productions probabilities. In 
that regard, ADPs may arise from or be characteriZed by 
Automatically De?ned Variables (ADVs) or Automatically 
De?ned Functions (ADFs), and may be identi?ed during 
decomposition of the modulating program and a detailed 
analysis of the modulating program’s parse tree substantially 
as set forth beloW. 

Generally, focused grammars may be employed to reshape 
the probabilistic characteristics of a base grammar toWards 
generating programs statistically similar to the modulating 
program as determined in accordance With a string edit dis 
tance measurement, for example, or using some other criteria. 
While such reshaping or refocusing may be achievable 
through simple, in situ alteration of the probabilities for the 
base grammar (i.e., Without adding any neW productions for 
rules existing in the base grammar), one potential side affect 
of such an approach may result in an in?ated probability of 
generating longer programs, and thus greater string edit dis 
tances, as compared to the modulating program. Adding neW 
productions (ADPs) to the base grammar (during the process 
of creating a focused grammar) may reduce, minimiZe, or 
eliminate the problem of increased program siZe. 

In that regard, adding ADVs to a focused grammar may 
commonaliZe potentially useful sub-trees for reuse in the 
candidate program generated by traversing the focused gram 
mar. For example, for each rule reference encountered during 
generation of a modulating program, a neW production may 
be added (in a subsequently constructed focused grammar) to 
the rule being referenced. The right-hand side of the neW 
production may be a single terminating token or string literal 
that results from a depth-?rst traversal of the modulating 
program’s parse tree starting at the rule. 

Similar to the advantages of adding ADVs to a focused 
grammar, adding ADFs to a focused grammar may common 
aliZe potentially useful tree structures for reuse in a candidate 
program generated by traversing the focused grammar. For 
example, for each rule reference encountered during genera 
tion of a modulating program, for each combinatorial permu 
tation of the sets created by each expansion of rule references 
in the rule’s selected production, the permutation may be 
added as a neW production to the rule. This explicates all of 
the function forms for each selected production. The forego 
ing strategy may add an exponential number of neW produc 
tions to the focused grammar, hoWever, and inserting a subset 
of the foregoing or other permutations may be a practical 
alternative to simplify the resulting focused grammar. For 
example, one such simpli?cation may involve adding only 
those permutations that result from a single level of reference 
expanding; another approach may involve adding only the 
deepest expansions one level above terminating productions. 

Exemplary results of the foregoing process of adding 
ADVs and ADFs to a base grammar (resulting in a focused 
grammar) are illustrated in FIG. 6. Speci?cally, FIG. 6 is a 
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simpli?ed diagram illustrating one embodiment of an 
equiprobable focused grammar. 

The focused grammar depicted in FIG. 6 represents an 
alteration of a base grammar (illustrated in FIG. 4) modi?ed 
With ADVs and ADFs selected in accordance With the struc 
ture and composition of a modulating program (in this 
instance, the candidate program illustrated in FIG. 5: “San 
Diego is hot, fun and beautiful”). Speci?cally, a decomposi 
tion of the modulating program may be employed to identify 
functions and variables for insertion into a focused grammar. 
In that regard, the numbers in the ADV and ADF columns in 
FIG. 6 represent, respectively, the step (see FIG. 5) during 
generation of the modulating program at Which the rule that 
gave rise to a respective ADV or ADF Was referenced. It Will 
be appreciated that the columns designated “ADV” and 
“ADF” in FIG. 6 (i.e., the second and third columns, respec 
tively, from the left) are provided for demonstrative purposes 
only. Neither the columns themselves, nor the data repre 
sented therein, are necessary for construction or implemen 
tation of focused grammars. 

By Way of example, the <assertion> rule of FIG. 6 has been 
modi?ed to include an ADV production (“hot, fun and beau 
tiful”) corresponding to the <assertion> (referenced at step 3 
in FIG. 5) Which Was ultimately generated at steps 3 through 
8 during generation of the modulating program (i.e., 
<assertion>:“hot, fun and beautiful”). Speci?cally, based 
upon the random numbers generated and the productions 
selected in generating the candidate program of FIG. 5, the 
<assertion> rule originally produced 
<description><conjunction> (step 3); the ?rst <description> 
produced “hot” (step 4), and the ?rst instance of the <con 
junction> rule produced “,” <description><conjunction> 
(step 5); the second <description> produced “fun” (step 6), 
and the second instance of the <conjunction> rule produced 
“and” <description> (step 7); ?nally, the third <description> 
produced “beautiful” (step 8). 

Additionally, the <assertion> rule of FIG. 6 has also been 
modi?ed to include an ADF production (<description> “,” 
<description><conjunction>) corresponding to the opera 
tions depicted at steps 3 and 5 during generation of the modu 
lating program. Speci?cally, the <assertion> rule (referenced 
at step 3 in FIG. 5) originally produced 
<description><conjunction> (step 3), Where and the ?rst 
instance of the <conjunction> rule produced “,” 
<description><conjunction> (step 5). Similarly, the <city 
description> rule of FIG. 6 has also been modi?ed to include 
anADF production corresponding to the rule reference at step 
1. During generation of the modulating program, the <asser 
tion> rule eventually produced <description><conjunction> 
as indicated at step 3 in FIG. 5; the <city description> rule of 
FIG. 6 has been modi?ed to re?ect this neW production. As 
indicated in FIG. 6, the <conjunction>, <city>, and <descrip 
tion> rules may be similarly modi?ed in accordance With 
decomposition of the modulating program, for example, or in 
accordance With user speci?ed criteria. 

As noted above, a method of generating or creating a 
focused grammar may involve rescaling or refactoring 
affected productions’ probabilities. The simplest refactoring 
scheme generally involves setting all production probabilities 
for a particular rule in the resulting focused grammar to be 
equiprobable, as depicted in FIG. 6. For every rule receiving 
anADV, anADF, or both, the neW total number of productions 
for that rule may be divided into one, resulting in equal 
probabilities for each production. One potential draWback of 
such an approach, hoWever, may be a relatively high prob 
ability associated With reusing the strings for large sub-trees 
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resulting in greater string edit distances representing less 
similarity With the modulating program. 
One example of a more balanced approach may generally 

comprise utiliZing one or both of a pair of focused grammars 
Which are not equiprobable. In that regard, FIG. 7 is a sim 
pli?ed diagram illustrating one embodiment of a focused 
grammar shaped for reuse, and FIG. 8 is a simpli?ed diagram 
illustrating one embodiment of a focused grammar shaped for 
similar termination, for example, With respect to a modulat 
ing program. ADPs may be added to the focused grammars of 
FIGS. 7 and 8 substantially as set forth above With reference 
to FIG. 6. As in FIG. 6, the numbers in the ADV and ADF 
columns of FIGS. 7 and 8 represent, respectively, the step 
during generation of the modulating program at Which the 
rule that gave rise to a respective ADV or ADF Was refer 
encedithese columns are provided for illustrative purposes 
only, and have bearing neither on the creation of focused 
grammars nor on the operability thereof. 

While the folloWing description addresses one embodi 
ment Which utiliZes both the FIG. 7 focused grammar and the 
FIG. 8 focused grammar in cooperation, it Will be appreciated 
that any of the focused grammar embodiments illustrated in 
FIGS. 6-8 may be employed individually during creation of a 
candidate program similar to a modulating program. Speci? 
cally, the focused grammars depicted in FIGS. 6-8 represent 
several exemplary alternative methodologies by Which pro 
duction probabilities may be calculated. Even When consid 
ered alone, for instance, any one of the embodiments of a 
focused grammar illustrated in FIGS. 6-8 may be effectively 
implemented to generate candidate programs. 

In accordance With a multi-phase or multi-stage embodi 
ment, a “?rst phase” grammar (such as that illustrated in FIG. 
7, for example) may be constructed to include production 
probabilities Which are focused so as to generate large chunks 
of the candidate program. Conversely, a “second phase” 
grammar (such as that illustrated in FIG. 8, for example) may 
be constructed to include production probabilities Which are 
focused speci?cally to terminate the generation of neW can 
didate programs more rapidly (e. g., With respect to total string 
edit distance or some other objective measure) than the ?rst 
phase grammar. In accordance With this strategy, generating a 
candidate program may be characteriZed by a tWo-phased 
process, though additional phases may be possible as Well. A 
?rst phase focused grammar may be employed to generate a 
neW candidate program until an ADP is visited, at Which 
point, a second phase focused grammar may be employed to 
complete the candidate program, if necessary. 

Values in the “Distance” column (such as depicted in FIGS. 
7 and 8) may be computed in a number of different Ways; in 
some embodiments, the manner in Which a distance for a 
particular production is computed may depend, for example, 
upon the type of production being considered or other factors. 
Focused grammars, as noted above, may be generated by 
appending to, or inserting into, a base grammar additional 
productions identi?ed through decomposition of a modulat 
ing program; accordingly, some or all of the productions that 
exist in the base grammar may be copied, Without modi?ca 
tion, into the focused grammar. In FIGS. 7 and 8, for example, 
the ?rst tWo productions for the <assertion> rule, the ?rst tWo 
productions for the <conjunction> rule, and the ?rst four 
productions for the <description> rule (and so forth) may be 
characteriZed as productions existing in the base grammar 
(FIG. 4). 
Where distance is de?ned as the reciprocal of a given 

production probability in the base grammar, probabilities for 
some ?rst phase ADPs may be calculated by subtracting the 
total distance of the sub-trees from the total distance of the 
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modulating program; conversely, probabilities for some sec 
ond phase ADPs may be calculated simply by summing the 
total distance of each respective sub-tree. These strategies are 
described by Way of example and not by Way of limitation in 
more detail beloW. 

While other possibilities are contemplated, the distance for 
productions existing in the base grammar may be de?ned in 
the focused grammar in the same manner as in the base 
grammar, Where distance may generally be expressed as the 
reciprocal of a given production’s probability in the base 
grammar, i.e., distance:l/ (production probability in base 
grammar), as set forth above. For example, the “hot” produc 
tion for the <description> rule in the base grammar of FIG. 4 
has a production probability of 0.25, resulting in a distance 
(for that production) of 4 in FIGS. 7 and 8. Similarly, the “Los 
Angeles” production for the <city> rule in the base grammar 
of FIG. 4 has a production probability of 0.33, resulting in a 
distance (for that production) of 3 in FIGS. 7 and 8. 

In some embodiments, an ADF may be assigned the same 
distance as the production from Which it arose. The original 
distance, i.e., 1/ (production probability in base grammar), 
may be employed for both reuse (FIG. 7) and termination 
(FIG. 8) focused grammars, in part, because this type of ADP 
may effectively result in similar string edit distances as the 
base grammars, rather naturally. Examination of FIGS. 7 and 
8 With reference to FIG. 4 illustrates that each ADF may be 
assigned the same distance as the originating production for 
the corresponding rule. Speci?cally, the ADF inserted for the 
<assertion> rule in FIGS. 7 and 8 has been assigned the same 
distance (2:l/0.5) as the productions for the <assertion> rule 
in FIG. 4, each of Which has a production probability of 0.5 in 
the base grammar. 

Additionally or alternatively, distance may be assigned to 
an ADV in accordance With a more complicated strategy, 
depending upon the desired or required nature of the focused 
grammar. For a reuse grammar such as illustrated in FIG. 7, a 
distance for an ADV may be calculated by subtracting a 
sub-tree distance for the ADV from the Whole modulating 
program distance. For example, a distance for reuse grammar 
ADV-5 (i.e., “, fun and beautiful” in FIG. 7) may be computed 
as folloWs: 

[program distance]—[sub—tree distance]:[sub—tree from 
step 1 in FIG. 5]—[sub—tree from step 5 in FIG. 
5]:[22]-[2+4+2+4]:10 

Conversely, in a termination grammar such as illustrated in 
FIG. 8, a distance for an ADV may simply be designated as 
the sub-tree total distance. For example, a distance for termi 
nation grammar ADV-5 (i.e., “, fun and beautiful” in FIG. 8) 
may be computed as folloWs: 

[sub-tree distance]:[sub—tree from step 5 in FIG. 5]: 
[2+4+2+4]:l2 

The “l/Distance” column is self-explanatory in FIGS. 7 
and 8. Values for this column may be computed simply by 
inverting the distance value for the production under consid 
eration. For example, distance 12 becomes 1/12:0.0833. 
As generally depicted in FIGS. 7 and 8, the values in the 

“Production Probability” column are derived from the values 
in the “l/Distance” column having been rescaled back to l for 
each rule. Inparticular, the sum of all production probabilities 
for a given rule may be made equal to 1. Accordingly, all the 
values in the “ 1/ Distance’’ column for a particular rule may be 
summed; the “1/ Distance’’ value for each respective produc 
tion may be divided by that sum to compute the rescaled 
“Production Probability” value for each respective produc 
tion. For example, rescaling the <assertion> rule for the ter 
mination grammar in FIG. 8 results in a sum of the “l/Dis 
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1 8 
tance” values as folloWs: 0.500+0.500+0.500+0.063:l.563. 
The ?rst three productions (each having a “l/Distance” value 
of 0.500) Will be assigned a production probability of 0.500/ 
1563:0320. The ADV added during step 3 may be assigned 
a neW production probability of 0.063/1 .563:0.040. 
As described above, focused grammars may generally be 

characterized as stochastic grammars, employed in local 
search strategies and focused in the direction of a modulating 
program. The parse tree of a modulating program (usually 
representing an improvement identi?ed during a search) may 
be inserted into tWo copies of the base grammar to form a neW 
pair of focused grammars With different production prob 
abilities as described above. In one exemplary alternative to 
the embodiment described above, a pair of focused grammars 
may be used in combination to generate programs in the 
neighborhood of the modulating program as folloWs: 

the stochastic base grammar may be copied into tWo gram 
mars: a ?rst phase; and a second phase. 

for every rule reference in the modulating program, add the 
string resulting from a depth-?rst traversal of the modulating 
program’s parse tree from the selected rule as a terminal 
string in a neW production inserted into the corresponding 
rule of both focused grammars. This adds the explicit possi 
bility of automatically de?ned variables (ADVs). 

for every rule reference in the modulating program, add a 
neW production to the corresponding rule of both focused 
grammars With the right-hand side elements from the modu 
lating program’s parse tree as visited during a depth-?rst 
traversal, using the rule reference When visiting terminal 
strings instead of the strings themselves. This adds the 
explicit possibility of automatically de?ned functions 
(ADFs). 

calculate the total distance of the modulating program from 
its starting non-terminal. 

for each production added during the operations above, 
assign a neW probability in accordance With distance substan 
tially as set forth above. 

for each rule, rescale the production probabilities such as, 
for example, as set forth above. 

In accordance With this embodiment and as indicated in 
FIGS. 7 and 8, the difference betWeen a ?rst phase and a 
second phase grammar may be manifest in the neW produc 
tion probabilities. When generating a neW candidate program 
using the ?rst phase grammar, productions more similar to the 
Whole modulating program have higher probabilities. This 
may be desirable, for example, until one of the neWly added 
productions has been traversed. If traversal of the ?rst phase 
grammar Were continued from this point, the ?rst phase 
focused grammar may exhibit a strong tendency to append 
good-siZed portions of the modulating program end-to-end. 
The resulting candidate program Would not likely reside in 
the neighborhood of the modulating program. After one of the 
neWly added productions has been traversed using the ?rst 
phase grammar, candidate program construction may be 
completed using the second phase grammar. The probabilities 
of the second phase grammar may re?ect the total distance of 
the variable or function, Which is inline With the original 
probability of having traversed that particular sequence. 

In accordance With another embodiment, a single phase 
system and method of generative programming may employ 
focused grammars involving ADVs, ADFs, or both. As noted 
above, forcing equiprobable productions (FIG. 6) is the sim 
plest method of assigning production probabilities for a 
neWly generated focused grammar. A slightly more involved 
strategy may seek to tune the probabilities toWards generating 
neighboring candidate programs With respect to distance as 
Well. TWo such approaches may tune or focus probabilities 
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substantially as described above With reference to FIGS. 7 
and 8. Speci?cally, any one of the exemplary embodiments of 
FIGS. 6-8, as Well as various other implementations, may be 
suitable for a single phase generative programming strategy. 

In that regard, it Will be appreciated that potentially more 
accurate or otherWise more appropriate strategies for assign 
ing probabilities to productions for affected rules may exist. 
In one such strategy, Which is possible, but far more compli 
cated than the mechanisms set forth above, the goal is to 
assign probabilities to the productions such that the string edit 
distance betWeen the modulating program and the candidate 
programs generated by the focused grammar groWs With a 
diminishing probability. This problem may be cast into an 
optimiZation formulation in order to solve for the unknoWn 
probabilities. 
As set forth in detail above, a focused grammar may be 

constructed by adding ADPs identi?ed through decomposi 
tion of a modulating program; in some alternative implemen 
tations, a focused grammar may be generated simply by 
manipulating probabilities associated With the productions 
existing in the base grammar (e.g., selectively increasing, 
decreasing, or otherWise adjusting the probabilities of pro 
ductions traversed during the generation of the modulating 
program) Without adding additional productions to the 
focused grammar. In one embodiment employing increased 
production probabilities, generating a candidate program 
may involve selectively decaying or biasing the increased 
probabilities back toWard the corresponding probabilities 
prescribed in the original base grammar; such dynamic alter 
ation or selective manipulation of production probabilities 
during generation of a candidate solution may minimize or 
eliminate the possibility of generating candidate programs 
that exist far aWay from (i.e., are not likely to be similar to) the 
modulating program. 

With reference to FIG. 4, for example, a base grammar’s 
<assertion> rule may generally be represented as folloWs: 

0.50 
0.50 

<assertion> = <description> 

<description> <conjunction> 

A probability for production 2 may be selectively adjusted, 
such as increased or boosted, because production 2 Was vis 
ited during construction of the modulating program as set 
forth above With reference to FIG. 5. In such an embodiment 
employing selectively boosting probabilities, an initial state 
of a focused grammar through boosting may be expressed as 
folloWs: 

0.25 
0.75 

<assertion> = <description> 

<description> <conjunction> 

After production 2 has been traversed during construction 
of a subsequent candidate program, the boosted production 
may be decayed back toWard the base grammar’s original 
production probability as described above. In accordance 
With various decay strategies, a given production probability 
may be reset immediately to the original production probabil 
ity (for example, in a single operation), or may be manipu 
lated to approach the original production probability gradu 
ally (for example, in a step-Wise or other incremental fashion 
Which may include intermediate steps). 
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As noted brie?y above, the streak search method may be 

characteriZed as a Way of conducting a search for programs or 
other solutions. While described beloW With speci?c refer 
ence to “programs,” a streak search method may be employed 
to identify various types of solutions (such as formulae, 
chemical structures, systems of equations, etc.) as set forth 
above. In particular, such a method generally seeks to strike a 
balance betWeen the need to explore the local area (i .e., proxi 
mate to a good candidate program or modulating program) 
and the need to move on to a different portion of the search 
space When further local improvement is not likely. In accor 
dance With one embodiment, a streak search method may 
begin With identi?cation or selection of a valid “basis” pro 
gram (a candidate program or a modulating program). A set of 
relatively local (or similar), alternative candidate programs 
may be generated from focused grammars modulated or 
altered in accordance With the basis program. These altema 
tive candidate programs may then be evaluated. A candidate 
program scoring Well With respect to a desired objective func 
tion may become a neW modulating program for a neW local 
set of candidate programs. 
Each candidate program in the neW local set, in turn, may 

become a modulating program for further searches. The fore 
going process may continue recursively; the search may ter 
minate When satisfactory results have been obtained or a 
predetermined period of time has elapsed. In effect, as better 
candidate programs are identi?ed, the search continues in the 
direction of improvements . At some point, for example, When 
further local improvements are unlikely or When additional 
improvements have not been made for a predetermined num 
ber of iterations, the streak may be abandoned, and the search 
may begin aneW With a different basis program. 

In operation, a program generator 120 such as described 
above With reference to FIGS. 1 and 3 may employ one 
focused grammar or a plurality of focused grammars to gen 
erate neW candidate programs similar (When taken over large 
numbers of constructed candidate programs) to the modulat 
ing program used to construct the focused grammars. In some 
embodiments, program generator 120 may implement a tWo 
phase process or other multi-phase process. In that regard, 
program code or other computer executable instruction sets 
may enable program generator 120 randomly to traverse (ac 
cording to probabilities) a ?rst phase focused grammar, con 
structing a neW candidate program parse tree until one of the 
neW productions has been traversed; upon traversal of the ?rst 
neW production, program generator 120 may continue using 
the second phase focused grammar until a complete parse tree 
has been constructed. Alternatively, various types of sophis 
ticated focused grammars such as described above may be 
employed in a single phase operation. 

It Will be appreciated that the computer or machine execut 
able language expressing the programs or solutions may be an 
important consideration in any computer application. For 
example, compiled languages may not be Well suited for 
generative programming techniques because the extra time 
required to make an executable, plus the time to execute the 
resulting candidate program, can easily exceed the time it 
Would have taken simply to interpret the program. In addition, 
traditional languages Were designed for human programmers 
to read, to Write, and to analyZe e?iciently and quickly. Rela 
tive to the minimal requirements of a machine-readable lan 
guage, conventional programming languages inject unneces 
sary syntax, redundant constructs, lengthy code segments, 
and sometimes even ambiguities. 

It Will be appreciated that an interpreted language may be 
more suitable for generative programming methodologies 
than overbearing compiled languages. In some embodiments 








